Predictor that is built from the plant model, plays an important role in model predictive control system. The predictor should be updated timely to maintain certain calculation accuracy and performance optimality. In order to avoid unnecessary interruptions to production, however, updating should only be done when serious mismatch between the process and model appears. A novel method based on subspace approach is proposed to detect the mismatches using closed-loop operation data. The channels with mismatches in multi input multi output system are isolated. And some combinations of the mismatched parameters that have physical significance can be detected. These results provide useful information for the maintenance of model predictive control system. Simulations on a distillation process demonstrate the efficacy of the methodology.
INTRODUCTION
Model predictive control (MPC) system can be found in numerous industrial applications, covering petroleum refinery, metal processing, aerospace and so on [1] . Predictor that is built from the plant model by first principles or system identification, is an essential part of MPC. It estimates the future plant outputs over a finite period. At one control interval, control actions over the finite horizon are calculated based on the current states and measurements and by minimizing some cost functions. But only the first calculated control action is implemented on the process in the following interval while the others are abandoned. Then the calculation and implementation procedure repeats which is known as receding horizon control. As an advanced control technology, MPC can move the outputs to the optimal values and prevent excessive movements of the manipulated variables. Output variation is drastically reduced.. Therefore, the performance of MPC depends on the accuracy of the plant model very much.
Mismatch detection and isolation is critical for the maintenance of MPC system. MPC has certain robustness to the mismatch. Usually the accuracy of the control model is good enough for designing a controller that achieves satisfying control performance. But the process is always changing over time such as mechanical wear in valves and scale formation in containers. Sometimes the changes get beyond the ability of the MPC and degrades the control performance a lot. Therefore re-identification is substantial in maintenance of the MPC system. But it's quite a demanding one because of long time plant tests and interruptions to the production [2] . As the scale of the modern plant grows larger, there may be hundreds of control loops to be taken care of in just one system. When the accuracy of the predictor deteriorates, it's always due to mismatches taking place in only partial input output channels [3] . Thus a full scale identification over hundreds of loops is obviously wasting. If the engineers know which channels the mismatches are located, precise identification can be done to cut the cost. In addition, the physical significance of the mismatch is informative and desired during the maintenance. For example, if a mismatch that happens on a chemical container is found to be related to the time constant, maybe it's caused by the scale formation which slows down the thermal conduction. This provides useful information to the engineers for checking the loops before the identification starts.
Mismatch in model based control loops has been a broad concern in recent years. Several methods have been proposed to detect the mismatch. Both partial correlation approach [5] and stepwise method [4] based on routine operation data are used to isolate the specific channels where the the mismatch appears. The former needs to identify several intermediate models while the latter uses indirect variable selection instead of exact identification. Three signatures relating to the state space matrices are utilized to detect model plant mismatch in multivariate systems in [6] . In [7] plant model ratio in the frequency domain is developed to identify the mismatch in corresponding components of a single input single output transfer function model. This method has the advantage of relating the mismatch to those parameters with physical significance. But some extensions are needed to deal with multivariate systems.
In this paper a procedure dealing with model plant mismatch is developed to improve the maintenance for MPC systems. Firstly the Markov parameters of the plant can be obtained by subspace approach in the context of closedloop. Then the input output channels which encounter changes can be isolated and some specific parametric combinations are diagnosed without calculating the exact values of these parameters.
The structure of the paper is organized as follows. Section 2 formulates the problem on mismatch. Section 3 gives a preliminary description about Markov parameters and subspace approach. The scheme of detection and isolation is presented in Section 4. A simulation study is demonstrated in Section 5 on a distillation plant followed by some remarks in Section 6. Section 7 makes the conclusion.
PROBLEM FORMULATION
In the following work, a model based control structure in Fig.1 is used to demonstrate the methodology. As it's shown in Fig.1 , P 0 (s) is the transfer function matrix of control model that is used to design the controller. P (s) is the transfer function matrix of the current plant. C(s) is the controller and D(s) is the transfer function matrix of unmeasured disturbance model. r ∈ R n , u ∈ R m , v ∈ R l , y ∈ R n and y m ∈ R n are the setpoint, controller output, white noise, plant output and predicted output respectively where m, n and l are the numbers of controller outputs, plant outputs and disturbance inputs.
Accordingly there are n × m input output channels in the plant and corresponding n × m sub-models in both P 0 (s) and P (s). Unmeasured disturbance channels are not considered here as identification is not done in those channels. Denote the sub-model in the j th input and i th output channel as p 0 ij (s) and p ij (s) in P 0 (s) and P (s) respectively. When the plant changes significantly, there are serious mismatches between P 0 (s) and P (s). Then to keep high performance of the control loop, re-identification is supposed to be done for updating the models timely. Generally, many plant tests should be carried out for each input output channel and thus normal production is frequently interrupted. Sometimes it takes several weeks to complete the work which is really a huge cost for the industry. Actually serious mismatch usually appears only in a few channels at a time for most of the cases, e.g. the first input and first output channel and the second input and first output channel in a 10 × 10 system. And identification is only necessary for these sub-models to update, e.g. p 11 (s) and p 12 (s), instead of one hundred channels. Hence isolation of these significantly mismatched channels is desired.
First order plus time delay (FOTD) is one of the most typical model structures. It can approximate many physical systems in process industries. Assume the sub-model can be written in the form of FOTD as:
where K ij , T ij and τ ij are the gain, time constant and time delay of the sub-model. These parameters may be attached with physical significance such as mass, thermal resistance or the friction factors in pipes. Suppose the model structures are fixed. The mismatches are thus caused by the changes of these parameters. For the maintenance engineers, physical parameters should be traced to figured out the reasons of changes in the field. It is of great importance to relating the mismatches to the physical parameters. Additionally these targets should be reached under closed-loop.
PRELIMINARY

Markov parameters
State space equation, transfer function and Markov parameters describe this plant in three different ways, but they can be transformed to each other accurately. Consider a time invariant stable plant P (s) written in an innovation form as:
where x ∈ R γ is the state variables and K ∈ R γ×l is the Kalman filter gain. A, B, C and D are the system matrices in the state space equation with appropriate dimensions. For the state space description in Eq.(2), let x(0) = 0 and v(k) = 0. When the inputs are set to impulse signals, the Markov parameters matrices can be derived as:
And Eq. (1) can also be written in Markov parameter or impulse response as follows:
For a stable plant, a sufficient large number N can be selected that h ij, k k>N ≈ 0. Then a truncated form can be used to describe the sub-model:
where h ij, k is the k th element in Markov parameter vector h ij .
Assuming the sampling time is T s , we can discretize Eq. (1) as:
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By series expansion the corresponding coefficients can be derived as:
where θ = τ ij /T s . Here θ is time delay with the unit of the sampling time and thus is reasonable to round the delay into integers. Then Eqs. (5) and (7) can be utilized to identify the corresponding changes in the parameters of FOTD.
Subspace Approach
Subspace approach has been intensively used to identify plant models and design controllers such as MPC in the past few decades. By proper iterations, extensions and ensembles, a subspace equation can be derived:
where subscripts p and f indicate the data of the past and future respectively; Y , U and V are the block Hankel matrices of plant output, controller output and white noise; L W , L u and L v are the coefficient matrices with corresponding dimensions; N is the number of blocks in the subspace matrices as same as the selected order above. Assume C(s) is the linear time invariant controller in the closed-loop, the controller output can be described by:
The state apace equation form of Eq.(9) can be written as:
where superscript c denotes the controller and A c , B c , C c and D c are coefficient matrices with appropriate dimensions. Then another subspace equation is also derived in the same way as Eq. (8): (8) with Eq.(11) an equation can be formulated as:
Two regression equations can be decomposed from Eq.(12) as:
where R is the block Hankel matrix for setpoint and superscript CL indicates the closed-loop with W 
The Markov parameter vectors in each channel of the plant model can be extracted as h ij from L u .
Step by step derivations and explanations are saved duo to space limit, please see more in [8] .
DETECTION AND ISOLATION PROCEDURE
Nowadays there are plenty of routine operation data in the database from industry that are unused. These data are generated from daily operations such as setpoint changes and load changes, instead of being designed for systematic identification from numerous intrusive tests. But if we select those have enough changes, they can provide sufficient information that can be used to detect the mismatches. Here the subspace approach is adopted to obtain the Markov parameters matrices from these informative routine operation data. Then the Markov parameter vector of each input output channel can be extracted, based on which the channels contain mismatches are isolated. After that, the combinations of the gain, time constant and time delay in FOTD are detected and physical explanations on the mismatches can be given to aid the maintenance.
Mismatched Channel Detection
As presented above, the Markov parameter vector of each sub-model in the current plant can be obtained, e.g. h ij in the j th input and i th output channel. Let the corresponding Markov parameter vector of the control model be h 0 ij . Then the mismatch can be described as:
An area measure [9] is used to quantify the Markov parameter vector as:
where ∆ ij, k and h 0 ij, k are the k th elements in ∆ ij and h ij respectively. Ω MPM ij and Ω p 0 ij are the corresponding area measures of mismatch and control model. Then a scaled index η ij is developed to asses the significance of the mismatch in this channel:
It has the following properties: (P1) 0 ≤ η ij ; (P2) η ij = 0 if and only if ∆ ij = 0; (P3) The greater η ij is, the more significant the mismatch is. 
Mismatched Parameter Isolation
To 
Practical Modification
In practice, mismatches are very common due to error from noise and limited samples. The criterions given above should be loosen to deal with this situation. That is to improve the robustness of the proposed method by changing the thresh values. For example, as only those significant mismatches are our concern, thresh values η can also be chosen based on the maintenance requirements, instead of the nominal case.
In other words, η ij , α ij , β ij and σ ij are absolute indicators while I x ij is a relative indicator. The latter can tell the significance level comparing with nominal case or maintenance requirement.
SIMULATION STUDY: DISTILLATION PROCESS
A pilot scale binary distillation column for a methanol water mixture developed by Wood and Berry [10] is slightly modified to demonstrate the efficacy of the method. This plant has two controlled variables y T and y B , two manipulated variables R and S and one unmeasured disturbance variable F . The transfer function matrix for control model is: where y T , y B , R, S and F are the top composition, bottom composition, reflux flow rate, steam flow rate and feed flow rate respectively. MPC is used to control the plant and the sampling time is 1 minute. The setpoints for y T and y B are changed to simulate the real industrial situations. F is set to be unmeasured disturbance. The deviated input signals which are changed based on the operating points are plotted in Fig.2. p 11 , p 12 , p 21 and p 22 are the channels of R − y T , S − y T , R − y B and S − y B respectively. TC and TD indicate time constant and time delay correspondingly in the tables. The standard deviation of the noise is 0.032.
Nominal Case
The plant model is identified by subspace approach as shown in Fig.3 . As we can see, the identified results are very consistent with the plant dynamics.
In Table 1 the signatures are calculated under normal conditions. There are differences when comparing with the theoretical results which should all be zeroes. But with limited samples of routine operation data, these errors are tolerable and the following analysis will take this circumstance into account. For example, η 
Gain Mismatch Case
Different magnitudes of gain mismatch are set to the four input output channels of the plant. The settings are shown in Table 2 . Comparing the index η ij with those in Table 1 , it can be found that channels p 11 and p 12 have significant mismatches as I η 11 = 29% and I η 21 = 33%. For σ ij and β ij there are no big differences, which means no time delay or time constant mismatch appears. Obvious changes for α ij in channels p 11 and p 12 indicates that gain mismatches exist in both channels with I α 11 = 75% and I α 21 = 75%. This is consistent with the settings. 
Time Constant Mismatch Case
The mismatches and the detection results for time constant mismatch scenario are shown in Table 3 . η 12 is changed significantly by 56% indicating that mismatch appears in channel p 12 . The corresponding σ 12 is 0 while α 12 and β 12 have both big variations by 85%. A time constant mismatch is included with possible gain mismatch.
Time Delay Mismatch Case
The simulation data for time delay mismatch are presented in Table 4 . Channel p 12 is accurately isolated as significantly time delay mismatched since η 12 is changed obviously by 20% and the corresponding σ 12 is 1.
Gain and Time Constant Mismatch Case
Scenario of gain and time constant mismatch gives results in Table 5 . Three channels are isolated as evidently mismatched ones. 
Gain and Time Delay Mismatch Case
The data for gain and time delay mismatch are demonstrated in Table 6 . Channel p 12 is accurately isolated as significantly time delay mismatched since η 12 is changed obviously from 0.0747 to 0.1317 and the corresponding σ 12 is 1. Both p 11 and p 21 are diagnosed as mismatches in gain.
Time Constant and Time Delay Mismatch Case
As shown in Table 7 , the detection procedure accurately isolate the seriously mismatched channel p 12 . For the parametric mismatch, results suggest that time constant mismatch and time delay mismatch appear in channel p 12 . 
Gain, Time Constant and Time Delay Mismatch Case
When the three parameters change at the same time, mismatch index can isolate the seriously mismatched channels accurately. Both p 11 and p 21 are found to have gain mismatch while p 12 is definitely with time delay and time constant mismatch.
REMARKS
Though this methodology focuses on MPC system, it can deal with other model-based multivariate control system too. Some aspects related are discussed in brief.
Index Usage
Due to space limit, the specified significance levels are not shown here. The four measures η ij , σ ij , α ij and β ij and the corresponding significance levels I x ij should together be used for explanation of the results. Monte carlo can be used to show the efficacy of the method too.
Signal Check
Sufficient excitation is critical for the success of all mismatch detection problems. The focus in this paper is to utilize the untouched data for guiding the maintenance. And the sufficiency should be concerned during the procedure. One method is to check the rank of the closed-loop matrices in Eq.(14) [8] . And for those MPCs which receive setpoints from upper optimization level, this method should be carefully used for possible correlation between setpoint and disturbance.
Measured Disturbance
Measured disturbance channels can also be handled by this methodology. After extending the subspace equations, subspace approach can estimate the corresponding Markov parameters. But for the routine operation data, these channels may have limited excitation. This needs to collect sufficiently excited data to ensure the efficacy of this procedure.
CONCLUSION
In this paper a method mining the potential of plenty of unused data in industry is developed. Subspace approach can estimate the Markov parameter vector of each submodel. Then we can detect the significantly mismatched input output channels based on the area index. The corresponding contributing parameters of FOTD sub-models in MPC system are isolated by three signatures too. Significance levels provide more practical guidelines for industrial usages. These are of great help to improve the efficiency of system maintenance.
